INFERENSI, Vol. 9(1), May. 2026. ISSN: 0216-308X (Print) 2721-3862 (Online)

63

Prediction of USD Exchange Rate
Against CNY and RUB Using Support
Vector Regression and Neural Network

. . . 1+ . . P —— .3
M. Fariz Fadillah Mardianto'’, Larisa Mutiara Putri*, Evi Wijayawati’, and Received: 16 March 2025

Sugha Faiz Al Maula* Revised: 20 May 2026
1234 Author Affiliation: Department Math, Airlangga University, Surabaya, Indonesia Accepted: 25 May 2026
*Corresponding author: m.fariz.fadillah.m@fst.unair.ac.id

ABSTRACT — Major currency exchange rates have been impacted by the escalation of global trade volatility brought on by the
trade war between the United States and China and economic sanctions imposed on Russia. USD dominance in global trade exposes
developing countries to economic risks. BRICS seeks to reduce reliance by boosting local currency trade and diversifying reserves.
This study analyzes BRICS exchange rate movements, specifically USD-RUB and USD-CNY, using Support Vector Regression
(SVR) and Neural Network (NN). Statistical analysis of 2009-2025 data shows USD-RUB's high volatility due to oil prices and
sanctions, while USD-CNY remains more stable but is influenced by monetary policy and global conditions. The results show that
the SVR method is superior to NN in prediction accuracy. For USD-RUB, SVR with a sigmoid kernel achieves MSE 6.1596, MAE
1.8808, and MAPE 1.95%, while for USD-CNY, SVR with a Radial Basis Function kernel achieves MSE 0.0014, MAE 0.0322, and
MAPE 0.45% Thus, the use of SVR-based prediction models is recommended to analyze the exchange rate to reduce the risk of
volatility. Additionally, diversifying reserves, enhancing bilateral trade in local currencies, and considering external factors like
commodity prices and global policies can improve exchange rate stability and economic resilience.
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. INTRODUCTION

One of the impacts of dependence on the United States (US) dollar is vulnerability to fluctuations in currency
exchange rates. To address this, BRICS member countries are working to reduce the use of the dollar in bilateral and
multilateral trade and seek other alternatives to protect their countries' economic interests [1]. BRICS exists to meet the
global economic needs of developing countries and create a balance of power in the world economy [2]. BRICS' efforts to
reduce dependence on the US dollar aim to build a multicurrency-based trading system and foreign exchange reserves
so that the currencies of BRICS member countries are not easily affected or devalued when global economic turmoil
occurs. In 2020, Russia pursued a de-dollarization policy by reducing the use of dollars in its trade balance, foreign debt,
and banking assets. In addition, some large Russian energy companies have begun transacting using rubles. Secondly,
Russia, China, and India have signed bilateral trade agreements using their respective national currencies, replacing the
dollar's role in economic transactions [2].

Since 2018, trade tensions between the US and China have intensified, causing both countries to impose tariffs on
each other. This trade war has negatively impacted both trade flows, with China experiencing a more significant impact
[3]. China and the United States' trade conflict heated up again after China announced additional tariffs of up to 15% on
some US goods, mainly agricultural products such as corn and soybeans, and export restrictions to 15 US companies
starting March 10, 2025. The move is in retaliation to new tariffs imposed by the US on Chinese goods, which now total
20%. Beijing condemned Washington's policy, calling it damaging to trade relations and urging the US to lift the tariffs.
In response, China is also considering further retaliation against US agricultural products, which are one of the main
exports to the country [4]. In addition, Russian President Vladimir Putin commented on the potential for a volume II
trade war under the leadership of US President Donald Trump. Putin predicted that countries on the continent would
soon bow down and follow US directives in economic and trade policy [5]. On the other hand, the Kremlin emphasized
Russia's stance against a global trade war due to its negative impact on all countries. Kremlin Spokesperson Dmitry
Peskov highlighted the US policy to impose 25 percent tariffs on goods from the European Union, which is considered
to worsen the world trade situation [6]. The high tariffs and economic sanctions imposed by the US on China and Russia
have destabilized global trade. As a result, one major worry is the volatility of currency exchange rates, especially the
movement of the Chinese yuan and the Russian ruble against the US dollar. Consequently, precise evaluation and
forecasting of the ruble and yuan exchange rates in relation to the USD are necessary.

One of the data analysis methods that can be used to predict a currency of the nation exchange rate is the Support
Vector Regression (SVR) method. This algorithm produces output in the form of real or continuous numbers. SVR is
adequate in overfitting by minimizing the upper bound of the generalization error [7]. Furthermore, the Neural Network
(NN) method. NN is a method used to solve discrete, real, and vector problems that resemble the mode of the human
nervous system in carrying out its daily tasks [8]. The NN method is often used because it has robust performance in
managing various dataset sources. In addition, NN also has the advantage of conducting training based on well-chosen
data and can perform calculations in parallel [9]. So that it can be appropriately used to make predictions on data mining.

Several studies have been conducted on the prediction of BRICS member countries' currency exchange rates. Wang
et al,, (2021) predicted the CNY exchange rate against the dollar by combining Convolutional Neural Networks (CNN)
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for feature extraction and TLSTM, or Tanh Long Short-Term Memory. As a consequence, CNN-TLSTM outperforms
MLP, CNN, RNN, LSTM, and CNN-LSTM in terms of prediction results with MAPE 18.945%, MSE 0.00038, and R? of
98.95%. In addition, Hamooni et al., (2022), using the theory of monetary behavior to ascertain the Russian ruble's long-
term fair value (1999-2021), obtained the results of the Russian ruble exchange rate over 60 days estimated using the
GARCH family model, including GARCH, GJRGARCH, EGARCH, and PGARCH. The IGARCH model was optimized,
and the optimal conditional standard deviation was estimated at 0.012 after data collection for 61 days. Soewignjo et al.
(2024) also researched the forecast of the Chinese currency exchange rate in relation to the rupiah with the SVR method,
resulting in a MAPE of 2.516% for testing data. Acquah et al. (2022) predicted the Ghanaian exchange rate against the
USD with the Artificial Neural Network method, giving the results that the NN back propagation model with 7% MAPE
and RMSE 0.32274.

This research uses the SVR and NN methods to predict the currency exchange rates of BRICS member countries. This
research focuses on China and Russia because of the trade disputes between China and Russia and the United States,
which initiated Russia's de-dollarization policy by reducing the use of dollars in the trade balance. This study's innovation
is found in the application of these methods in accurately predicting exchange rates. In addition, research related to the
prediction of China and Rubel exchange rates is also in line with efforts to support the achievement of SDGs points 10
and 17, which focus on global partnerships in reducing the world's economic disparities, especially for Indonesia, which
has just joined the BRICS alliance. It is anticipated that the findings of this investigation would significantly to the
currency exchange rate prediction literature. In addition, accurate currency exchange rate predictions can help maintain
economic stability and strengthen international trade competitiveness.

Il. LITERATURE REVIEW
A. Exchange Rate

The exchange rate is a comparison between a country's currency and another country's currency. According to
Dornbusch and Fischer, there are four types of exchange rates, namely selling rates, buying rates, middle rates, and flat
rates. In this study, the data used is included in the buying rate category, which is the exchange rate that applies when
someone buys foreign currency or exchanges foreign currency into rupiah. The buying rate reflects the price banks or
financial service providers set when they buy foreign currency from customers [14].

B. Partial Autocorrelation Function
The function of partial autocorrelation in time series analysis serves to determine a variable's direct correlation with
the previous lag after eliminating the influence of other lags. PACF is used to determine significant lags that can be used
as predictor variables in a model [15]. According to [16], the mathematical formulation of the PACF is stated as follows:
Yik = Corr(Ze, Ze—y|Zp—1, o) Zpmg-1) M
@ =Vi1®j-1 T V22 + -+ Viee-1)%—k-1 + Vi Qi 2

C. Uji Terasvirta

According to research conducted by [17], when it comes to finding nonlinear patterns in data, the Terasvirta test is
thought to be the most effective technique. This is supported by its high sensitivity to outliers and very high power test
results (close to 1) in identifying cases of nonlinearity. The model with nonlinear characteristics can be expressed in the
following way:

Ye =@o¥'w) + B'w, + &; &~IIDN(0,0?) ®3)
with,
B : (Bos = Bp)s
Wy : (Lyt—l' -"ryt—p),l
Y (oY),
Y (V1 V),

p(y'wy onw(Y'Wt)/ and

Ypa'w) (A +exp(-'w)) ™ -3

B’ is the linear weight, while y’ is the nonlinear component's weight. In addition, ¢ is a sigmoid-shaped activation
function used in neural networks.

The hidden layer in this model is connected to the activation function o by the weight 6,;, and the input layer is
connected to the hidden layer by the weight y;. If the nonlinear component's value equals zero, then the data can be
categorized as linear. Thus, the hypothesis used is as follows:

Hy : 651 = 0y = - = 6yq = 0 (data is linear)
H; : There is at least one 8,; # 0 (data is nonlinear), withi=1, 2, ..., q, where g is the number of neuron units used.

D. Support Vector Regression (SVR)

The SVR method can be used to determine the function f(x) as the best hyperplane as a regression function and
minimize the possible error by maximizing the boundary. The concept of the SVR method is to have training data {(x;,
1), (X2, ¥2), -.., (x;, ¥;)} where x; € R%. The goal is to find a function f(x) that has the most deviation ¢ from the obtained
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target y; for all of the training data while also being as flat as practicable. The SVR model's general equation shown below
[18]:

f&x) =wleXx) +b 4)
where w is the weight vector, ¢(x) is a function that maps x in the dimensional space, and b represents bias. The
regression function f(x) can be appropriately generalized by minimizing the norm of w [18]. This leads to the following
solution to the optimization problem:

min> || w||? ()
with conditions:
yi—wle(x)—b <ecuntuki= 1,..,1
wlo(x;))+b—y; <euntuki= 1,..,1

The above optimization is in the case where f exists and approximates all pairs (x;,y;) with precision &. Sometimes,
some errors are allowed. By introducing auxiliary variables { and {* to get beyond the unenforceable constraints of the
optimization problem [19]. Additionally, the equation can be changed into the form shown below:

min,, 5 (]2 +C Iy (G + &) (6)

The constraint function for the optimization problem is as follows:
yi—wlox)—b <e+¢, i=1,..,1

wlox)+b—y; <e+¢' i=1,..,1 (7)
,(*=0

By solving the optimization problem, it is obtained that:
w =i (a; — a)e(x) 8)

The SVR function can be defined as follows by using the function ¢ which is approximated by a kernel function to
map the data contained in the vector x from the input space to a higher dimensional feature space:
£ = Tiy(ar — a)K(x,x) + b ©)
Using the chosen kernel function in SVR shown in Table 1, K (x;, x) must be solved to solve the high-dimensional

nonlinear issue.
Table 1 The Kernel Function

Type of Kernel Mathematical Expression
First degree polynomial K(x;,x) = (x;Tx)
Polynomial K(x,x) = (y(x;"x) + )P
Radial Basis Funciton (RBF) K(x;,x) = exp(—yllx;"x||?)
Sigmoid K(x;,x) = tanh(—y(x;"x) + 1)

This study compares the performance of three kernel functions in SVR, namely Polynomial with degree 2, Sigmoid,
and Radial Basis Function (RBF). Three parameters must be determined in order to employ SVR with these kernels
namely cost (C), gamma (y), and epsilon (&), which are optimized using the grid search method.

E. Neural Network (NN)

An artificial neural network (NN) model has high flexibility and includes various analysis techniques, such as
nonlinear dynamic systems made of neurons, discriminant models, nonlinear regression, and data dimension reduction
[20]. The network design, learning method, and activation function all affect the NN model. Table 2 lists the many kinds

of activation functions that were employed to produce the outcome.
Table 2 Activation Function in NN

Type of Activation Mathematical Expression
Direct Mapping fx)=x
Tanh Function f(x) = tanh (x)
Logisti =
ogistic f(x) 1 +8_x
X, X =
ReLU f@) = {0, for other x

The extended delta rule is a commonly used NN technique that computes the derivative throughout the
backpropagation phase using a chain rule [20]. The backpropagation algorithm consists of two main stages. First, it
performs feed-forward, which passes the input values to the network. Second, it calculates the error and modifies the
preceding layer's weights. The network structure includes the layers in this stage.

One commonly used architecture in modeling is the Feedforward Neural Network (FFNN). An input layer, one
hidden layer, and an interlinked output layer make up this design. The following equation, which was derived from
Taylor's study, yields the FFNN architecture's output [21]:

Ne = 10 {vo + 2y (vif " (Thoy wiexie) )} (10)

In this case, v), represents the weight of the neuron to-k in the hidden layer, while wy is the weight connecting the i-
th input to the k-th neuron in the hidden layer. The activation functions used in the hidden layer and output layer are
denoted as f*() and f°() respectively. Besides Feedforward Neural Network (FFNN), there is another architecture called
Deep Learning Neural Network (DLNN). Unlike the FFNN, the DLNN architecture uses two hidden layers to connect
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the layer that receives input and the output layer, thus allowing the capture of more complex patterns in the data. One
form of DLNN that is often used in NN modeling is the Perceptron with Multi Layer (MLP). The structure of the neural
network model with Multi-Layer Perceptron (MLP) is shown as follows in Figure 1:

Hidden Layer
Input Layer Cutput Layer

Inpur #| —

Input #2 —

! |— Dutput
L

Inpul #3—

InpuL #4—

Figure 1 Neural Network Structure

Within the neural network architecture shown in Figure 1, the hidden layer serves as the feature extraction stage. This
layer is where the activation function is applied, and the weights are weighted. Suppose Vy; is the weight matrix that
joins the hidden layer to the input, while d; = (dy, d;, ..., d;)' represents a number of lags with a particular significance.
In addition, by = (by, by, ..., by)" is a bias vector that adjusts the input received. Each input given weight will be calculated
by summing all signals that enter the hidden layer using Equation (11) as follows:

Zin, = Xie1 i Vi + by (11)

After this summation, the activation function is applied to each unit in the hidden layer, thus obtained as presented
in Equation (12) as follows:

2 = 9(2im,) (12)

In the hidden layer units, g is the activation function. The output at the output layer is then predicted using the
findings from the hidden layer. New weights are assigned at this stage, and the activation function is again calculated as
follows:

Yin,, = Zz=1zk Vim (13)
Y = 9 (Vi) (14)
with,
Viem : weight matrix between the m-th output and the k-th hidden layer,
zy : the buried layer's output vector,
Ying, : the output value vector prior to the application of the activation function, and
Vm : the final output result vector following the application of activation.

After the y,, value is obtained as a prediction result, this value and the real value are contrasted, thus obtaining the
error value presented in Equation (15) as follows:
En =Ym —ln (15)
With t,,, as the actual value. Then, a gradient calculation is performed on y,,,, which is expressed in Equation (16) as
follows:
6m = m —tm) -g’(yinm) (16)
With g'(¥in,,) as the activation function's derivative in the output layer. To update the weights, use the learning rate
n with the formula stated in Equation (17) as follows:

o =Vim +1 .2, .6 (17)
for the hidden layer, the error gradient is calculated with Equation (18) as follows:

8k = Xh=1Vim -6m -9’ (2in,) (18)
while the weight update on the hidden layer is done with Equation (19) as follows:

e =Vie +n.d; .8 (19)

This stage is repeated until the error value becomes minimal (convergent) or a specific iteration limit is reached.

F. Walking Forward Validation

In determining the optimal parameters in time series analysis, an algorithm that can properly separate the data into
training and testing is required. Usually, the search for optimal parameters is done using the grid search method, which
is commonly paired with K-fold cross-validation. However, in time series data, using K-fold cross-validation is
unsuitable because it causes the testing data to be out of sequence [22]. In the case of time series, the testing data should
always come after the training data to maintain temporal order [23]. Therefore, a more suitable validation method is
forward-walking validation [24]. The tuning parameter values are presented in Table 3 below.
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Table 3 Parameter Tuning Value of Each Algorithm

Algorithm Tuning Parameters Reference
SVR Kernel: [RBF, Sigmoid, Polynomial], [25]
C:[0.1; 1; 10],
Epsilon: [0.01; 0.1; 0,2],
Gamma: [0.1; 1; 10],
Neural Network Hidden layer size: [(50,), (100,), (150,), (200,), (250,), (300,), [26]
(50, 50), (100,100), (150,150), (200,200), (250,250), (300,300)], [27]
Activation function: [Tanh, Logistic, ReLU],
Learning rate: [0.0001, 0.001, 0.01]

G. Data Normalization

Normalization aims to adjust data to fit certain functions with a limited output range, such as sigmoid and tanh. This
process generates new values within a specific range to ensure the data stays within the desired limits. In this case, the
minimum and maximum values of the data can be found in Table 6, while the new range used is 0.1 to 1 to avoid zero
values. The equation used for normalization is as follows [28]:

YIS = max?;;zl)n_(i?;?‘)mm) (newmax(data) - neWmin(data)) + NeéWmin(data) (20)
with,
Vi : data after normalized at time t, and
Ve : data before normalized at time t.

H. Kriteria Model Terbaik
1. Mean Squared Error (MSE)
MSE is a metric used to calculate the average of the squared difference between predicted and actual values [29]. The

MSE formula can be expressed as follows:

MSE = % (Y- F(Xi))z (21)
with,
N : total number of observations,
Y; : actual value,
F(X;) : predicted value of the model for the i-th observation, and

(v, - F(x, i))z : the square of the difference between the actual value and the predicted value.

The MSE value shows how accurate the model is in making predictions. The smaller the MSE value, the better the
model performance in predicting the actual value.
2. Mean Absolute Error (MAE)

This metric calculates the average absolute value of the difference between the predicted and actual values, regardless
of the direction of the error (either positive or negative) [30]. The MAE formula is expressed as follows:

MAE = =3, |V; = F(X))] (22)
with,
n : total number of observations,
Y; : actual value,
F(X;) : predicted value of the model for the i-th observation, and
Y; - F(X)) : the absolute difference between the actual value and the predicted value.

MAE provides an overview of the average prediction error in the same unit as the original data. The smaller the MAE
value, the better the model's performance in making predictions.
3. Mean Absolute Percentage Error (MAPE)

MAPE measures the average absolute percentage error between predicted and actual values. It evaluates prediction
accuracy by calculating the absolute difference, expressed as a percentage [31]. The equation for calculating MAPE is
presented in Equation (23) as follows:

MAPE = 31, 22 100% (23)
with,
Vi : exchange rate price at the time i,
Vi : prediction of the exchange rate price at the time i, and
n : number of predicted data.

The following is the category of the prediction accuracy level of the MAPE value:
Table 4 MAPE Value Categories

MAPE Prediction Accuracy Level
MAPE < 10% Very good
10% < MAPE < 20% Good
20% < MAPE < 50% Simply
MAPE > 50% Bad
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lll. METHODOLOGY
A. Data and Data Sources

This research uses quantitative research emphasizing theory testing through measuring research variables with
numbers and analyzing data with predetermined statistical procedures. This research uses secondary data in the form of
USD against CNY and USD against RUB exchange rates obtained from the Investing.com page as weekly data.

The data is divided into two parts, namely training data and testing data, to build and evaluate the developed
prediction model. The data is divided into 90% training and 10% testing data. So 90% of the total 812 data is used as
training data, which is 730 data covering the period from June 21, 2009, to June 11, 2023. As for the testing data, 82 of the
812 data were used, covering the period from June 18, 2023, to February 9, 2025. Thus, this study uses two types of
exchange rate data, namely the USD rate against CNY and the USD rate against RUB. The variables in this study are

presented in Table 5 as follows:
Table 5 Research Variables

Variables Description Unit
Y, USD-RUB Rate  RUB (Weekly)
Y, USD-CNY Rate  CNY (Weekly)

B. Data Analysis Stages
The stages that will be carried out in data analysis are as follows:
1. The descriptive statistical analysis stage of the course to find out general information about the data.
a. Present data visualization in the form of a time series plot using a line chart.
b. Analyze data characteristics and display descriptive statistics calculations.
2. The stages of modelling the exchange rate using the Support Vector Regression (SVR) method are as follows:
a. Determine the influential lag by analyzing the PACF plot according to Equation (1) and the adjusting the shape
of the data afterwards by normalizing the data based on Equation (20).
b. Test the linearity of the relationship between variables using the Terasvirta test based on Equation (4) and identify
significant lags to determine the most appropriate kernel type for the SVR model.
c. Determine the optimal parameters in the SVR model, namely the value of gamma (y), cost (C), and epsilon (&)
select the most suitable kernel type using the walking forward validation approach.
d. Using the SVR model that has been built to predict the USD-RUB rate and USD-CNY rate based on testing data.
e. Evaluate the performance of the prediction model using several evaluation metrics, namely MSE based on
Equation (21), MAE based on Equation (22), and MAPE based on Equation (23).
3. The stage of modelling the exchange rate using the Neural Network (NN) method are as follows:
a. Determine the influential lag by analyzing the PACF plot according to Equation (1) and then adjusting the shape
of the data afterwards by normalizing the data based on Equation (20).
b. Test the linearity of the relationship between variables using the Terasvirta test based on Equation (4) and identify
significant lags to determine the most appropriate activation function for the NN model.
f. Determine the optimal parameters for the NN architecture, including the hidden layer size value, the type of
activation function used, and the learning rate value using walking forward validation.
c. Using the NN model that has been built to predict the USD-RUB rate and USD-CNY rate based on testing data.
d. Evaluate the performance of the prediction model using several evaluation metrics, namely MSE based on
Equation (21), MAE based on Equation (22), and MAPE based on Equation (23).
4. Comparing the performance of SVR and NN models in predicting USD-RUB rate and USD-CNY rate based on MSE,
MAE, and MAPE values to determine the model with the best accuracy.

IV. RESULTS AND DISCUSSIONS
A. Descriptive Statistics
Based on the USD-RUB rate and USD-CNY rate data obtained from the Investing.com page, Table 6 presents an

overview of the 812 weekly scale data from June 21, 2009, to February 9, 2025.
Table 6 Descriptive Statistics

Variables Mean Standard Deviation Minimum Maximum
USD-RUB Rate  57.339 21.376 27.407 114.253
USD-CNY Rate  6.6394 0.3434 6.0488 7.3430

Based on Table 6, the minimum value of the USD-RUB rate was recorded at 27.407 on April 24, 2011. During this
period, the Russian economy was still stable with high oil prices, which supported strengthening the ruble against the
US dollar. According to a Directorate General of Oil and Gas report, the Indonesian Crude oil Price (ICP) in March 2011
reached USD 113.07 per barrel. This increase was in line with the rise in world oil consumption, which increased by 1.5
million barrels compared to the previous year. As a major oil producer, Russia benefited from high oil prices, which
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contributed to strengthening the ruble against the US dollar. In contrast, the maximum value of the USD-RUB rate
reached 114.253 on March 6, 2022, which occurred after Russia invaded Ukraine in February 2022. The economic sanctions
imposed by Western countries against Russia led to a drastic weakening of the ruble, so the USD-RUB rate jumped
sharply.

Meanwhile, the minimum value of the USD-CNY rate of 6.0488 occurred on January 19, 2014. In this period, the
Chinese economy was experiencing strong growth with a high trade surplus, so the yuan currency strengthened against
the US dollar. In contrast, the maximum value of the USD-CNY rate reached 7.3430 on September 3, 2023. This increase
occurred amid global economic uncertainty and pressure on the yuan due to China's economic slowdown and monetary
policy measures taken by the US Federal Reserve, which led to the strengthening of the dollar against global currencies,
including the yuan. The time series plots of the USD-RUB rate and the USD-CNY rate, with the division of the training
period at 90% and testing at 10%, are presented in Figure 2.
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In Figure 2(a), the USD-RUB rate shows a volatile trend with several significant spikes. In the period around 2014 and
2015, there was a sharp spike that coincided with the fall in world oil prices. Furthermore, in the period 2021 to early
2022, the USD-RUB rate tends to show a downward trend. However, from mid-2022 until the end of 2023, the USD-RUB
rate experienced a significant upward trend. The USD-RUB rate does not show a clear trend because it fluctuates up and
down, so the data is non-stationary and does not have a seasonal pattern (non-seasonal). Meanwhile, in Figure 2(b), the
USD-CNY rate shows a relatively more stable trend than the USD-RUB rate. It experienced a downward trend from 2010
to 2014 before showing an upward trend in the following years. After 2018, the USD-CNY rate tends to experience a
continuous increase. The USD-CNY rate showed high volatility in the testing period around 2023 to 2024. Overall, the
USD-CNY rate data is also non-stationary, with a non-seasonal pattern and fluctuations influenced by global economic
dynamics
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B. Determination of Input Lag

Determining the input lag in time series analysis is important to identify significant lags as predictor variables. This
process is done by analyzing the Partial Autocorrelation Function (PACF) plot, which measures the partial correlation
between variables in the time series. The results of the PACF plot showing significant lags are presented in Figure 3.

PACF Plot of USD-RUB Exchange Rate PACF Plot of USD-CNY Exchange Rate

Partal ACF
04

Partal ACF
04

Figure 3 PACF Plot of USD-RUB Rate and USD-CNY Rate
Figure 3(a) presents the PACF plot for the USD-RUB rate, which shows that the 1st, 2nd, 7th, 8th, and 11th lag
significantly influences the USD-RUB rate data. Therefore, in modeling the USD-RUB rate, the sharing of y, data will
begin in the t = 11 periods to ensure that all significant lags can be utilized as predictor variables in the model. Figure
3(b) presents the PACF plot for the USD-CNY rate, which shows that the 1st, 2nd, and 5th lag significantly influence the
USD-CNY rate data. Therefore, in modeling the USD-CNY rate, the sharing of y, data will begin in the t = 5 periods to
ensure that all significant lags can be utilized as predictor variables in the model.

DOI: 10.12962/i27213862.v9i1.9952 Department of Statistics, Institut Teknologi Sepuluh Nopember



INFERENSI, Vol. 9(1), May. 2026. ISSN: 0216-308X (Print) 2721-3862 (Online)

70

C. Nonlinearity Testing

This research uses quantitative research, emphasizing theory testing by measuring research variables with numbers
and analyzing data with predetermined statistical procedures. It also uses secondary data in the form of USD against
RUB and USD against CNY exchange rates obtained from the Investing.com page in the form of weekly data.

Table 7 Terasvirta Test Results

Variables Lag Test Statistics P-Value
USD-RUB Rate 1 F(0,05;2;314) = 6.984 0.001
F(0.05-2-814) = 0.7035 0.4951
USD-CNY Rate =
Flo.05,7,808) = 3.5149 0.001

Based on Table 7, the Terasvirta test results show that for the USD-RUB rate at lag 1 and the USD-CNY rate at lag 2,
has p-value is not greater than the significant level « = 5%, so H is rejected and indicates that the data has a nonlinear
pattern. Thus, kernel functions suitable for handling nonlinear patterns in SVR modeling are the Radial Basis Function
(RBF), polynomial, and sigmoid. Meanwhile, in neural network modeling, activation functions that can be used include
logistic, reLU, and tanh to handle the complexity of nonlinear data.

D. Support Vector Regression (SVR) Prediction
1. USD-RUB Rate

The results of the Terasvirta test, which indicated the existence of non-linear data patterns in the USD-RUB rate data,
became the basis for selecting nonlinear kernel functions, namely Radial Basis Function (RBF), polynomial, and sigmoid.
Before applying SVR modeling with the grid search method, walking forward validation, and using the parameter values
determined in Table 3 to get the best parameter combination, the data was first normalized according to Equation (20).
The optimal parameter results using SVR modeling for the USD-RUB rate are presented in Table 8.

Table 8 Optimal SVR Parameters USD-RUB Rate

Kernel Type Parameters Optimal Value

Cost (C) 10

RBF Gamma (y) 0.1
Epsilon (&) 0.01

Cost (C) 1

Sigmoid Gamma (y) 0.1
Epsilon (¢) 0.01

Cost (C) 0.1

Polynomial ~Gamma (y) 1
Epsilon (¢) 0.01

After the optimal parameters are determined, the following step involves evaluating the model using testing data
that was not included during the training phase. This stage assesses the model's ability to generalize new data that has
never been learned. After the prediction is made, the results are returned to the initial scale through the denormalization
process so that they can be compared directly with the actual value. The results of the prediction model performance
evaluation for the USD-RUB rate using various types of kernels are presented in Table 9.

Table 9 SVR Prediction Results USD-RUB Rate

Kernel Type Model Criteria Evaluation Results
MSE 13.9723
RBF MAE 3.1089
MAPE 3.24%
MSE 6.1596
Sigmoid MAE 1.8808
MAPE 1.95%
MSE 555.3671
Polynomial MAE 22.6478
MAPE 23.96%

Table 9 presents the prediction results using the SVR method for the USD-RUB rate, which shows that the model with
the sigmoid kernel shows the best performance compared to other kernels with optimal parameters, namely Cost (C) of
1, Gamma (y) of 0.1, and Epsilon (&) of 0.01. This is indicated by the MSE value of 6.1596, MAE of 1.8808, and MAPE of
1.95%, which shows a lower error rate than other kernels.

2. USD-CNY Rate

The results of the Terasvirta test, which indicated the existence of non-linear data patterns in the USD-CNY rate data,

became the basis for selecting nonlinear kernel functions, namely Radial Basis Function (RBF), polynomial, and sigmoid.
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Before applying SVR modeling with the grid search method, walking forward validation, and using the parameter values
determined in Table 3 to get the best parameter combination, the data was first normalized according to Equation (20).
The optimal parameter results using SVR modeling for the USD-CNY rate are presented in Table 10.

Table 10 Optimal SVR Parameters USD-CNY Rate

Kernel Type Parameters Optimal Value

Cost (C) 10

RBF Gamma (y) 0.1
Epsilon (¢) 0.01

Cost (C) 1

Sigmoid Gamma (y) 0.1
Epsilon (¢) 0.01

Cost (C) 1

Polynomial ~Gamma (y) 1
Epsilon (¢) 0.01

The results of the prediction model performance evaluation for the USD-CNY rate using various types of kernels are

presented in Table 11.
Table 11 SVR Prediction Results USD-CNY Rate

Kernel Type Model Criteria Evaluation Results

MSE 0.0014

RBF MAE 0.0322
MAPE 0.45%

MSE 0.0015

Sigmoid MAE 0.0329
MAPE 0.46%

MSE 0.0517

Polynomial MAE 0.2153
MAPE 2.98%

Table 11 presents the prediction results using the SVR method for the USD-CNY rate, which shows that the model
with the Radial Basis Function (RBF) kernel shows the best performance compared to other kernels with optimal
parameters, namely Cost (C) of 10, Gamma (y) of 0.1, and Epsilon (&) of 0.01. This is indicated by the MSE value of 0.0014,
MAE of 0.0322, and MAPE of 0.45%, which shows a lower error rate than other kernels.

E. Neural Network Prediction
1. USD-RUB Rate

The selection of the neural network model is based on the nonlinear data test results obtained through the Terasvirta
test, which indicates that the activation function used must also be nonlinear, such as logistic, reLU, and tanh. Before
conducting neural network modeling with the grid search approach, walking forward validation, and using the
parameter values listed in Table 3, the data is first normalized according to Equation (20). The optimal parameter results
using neural network modeling for the USD-RUB rate are presented in Table 12.

Table 12 Optimal Neural Network Parameters USD-RUB Rate

Activation Function Parameters Optimal Value
Learning rate 0.01
Tanh
an Hidden layer size 250;250
Logistic Learning rate 0.0001
& Hidden layer size 300;
ReLU .Learnmg rate? 0.01
Hidden layer size 250;250

The results of the prediction model performance evaluation for the USD-RUB rate using various activation function
are presented in Table 13.

Table 13 Neural Network Prediction Results USD-RUB Rate

Activation Function Model Criteria Evaluation Results

MSE 7.2694
Tanh MAE 2.0629
MAPE 2.14%

MSE 16.8756
Logistic MAE 3.1979
MAPE 3.33%

DOI: 10.12962/i27213862.v9i1.9952 Department of Statistics, Institut Teknologi Sepuluh Nopember



INFERENSI, Vol. 9(1), May. 2026. ISSN: 0216-308X (Print) 2721-3862 (Online)

72

Activation Function Model Criteria Evaluation Results

MSE 8.0217
ReLU MAE 2.1822
MAPE 2.27%

Table 13 presents the prediction results using the neural network method for the USD-RUB rate, which shows that
the model with the tanh activation function shows the best performance compared to other activation functions with its
optimal parameters, namely a learning rate of 0.01 with a hidden layer size of 250;250. This is shown by the MSE value
of 7.2694, MAE of 2.0629, and MAPE of 2.14%, which shows a lower error rate than other activation functions.
Furthermore, the illustration of the neural network model with the optimal parameter value of hidden layer sizes 250
and 250 is presented in Figure 4 as follows:
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Flgu re 4 Neural Network Structure of USD-RUB Rate
In the designed neural network model, each input d; from lag 1, 2, 7, 8, and 11 data will be connected to each neuron
in hidden layer 1 through predetermined weights. Activation in hidden layer 1 is calculated by summing up the
multiplication result between each input and its weight, then adding it with the bias value. The result will be passed
through the tanh activation function to produce the output value in the first layer. The calculation for the k-th neuron in

hidden layer 1 is mathematically expressed in Equation (24) as follows:

gg) =¢ (Zie{1,2,7,8,11} Vz%)- d; + bl(cl)) k=1,2,...,250 (24)
with,
0] : activation function,
d; :inputlags 1,2,7,8 and 11,
Vik : the weight of the input d; to the k-th, and
by, : bias at the k-th node.
For example, the calculation for a node in hidden layer 1 can be expressed based on Equation (24) as follows:

g = Tanh (171(,11)_ dy + v dy + 08 dy + v dg + 0P dyy + bfl))

After obtaining the activation value of hidden layer 1, each neuron in the layer will be connected to each neuron in
hidden layer 2. The calculation in this layer also follows the same pattern, which is to add up the results of multiplying
the weights with the activation value of the previous layer, add a bias, then apply the tanh activation function. The
Equation can be written in Equation (25) as follows:

D= (22599 V +b%),m=1,2,...,250 (25)

For example, the calculation for one of the neurons in hidden layer 2 based on Equation (25) can be expressed as
follows:

o2 = Tan (2 0 40260 + -+ v g8 + 57

Furthermore, the results of hidden layer 2 will be used as input to the output layer to produce the final prediction
value (). The calculation in this layer is done in the same way, namely summing up the results of multiplying the weights
with activation from the previous layer, plus bias, then passed to the activation function to produce the final output
value. The equation can be written in Equation (26) as follows:

3 = ¢ (S350 v 0 gD 4 ploveruo) (26)
For example, the calculation for the predicted value based on Equation (26) can be expressed as follows

9 = Tanh (vl(output)_giz) + vz(autput)_géz) N véglgmut)g%)o + b(output))

After the feedforward stage is performed, the next stage is backpropagation, which aims to adjust the weights using
the gradient descent method. In each layer, the error value is calculated using the formula in Equation (27) as follows:
sloutrut) — ¥ = Yactua) - ¢’ (27)
with,
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¥y : prediction result,
Yactuar : the actual target value, and
@' : the first derivative of the activation function.

Furthermore, the error calculated at the output layer will be forwarded to hidden layer 2 using Equation (28) as
follows:

85? — 5(output) .’Ufzutput) _¢l (28)
wherem = 1, 2, ..., 250 represents the number of neurons in hidden layer 2. Then, this error is also calculated for hidden
layer 1 by summing the contributions from all neurons in hidden layer 2. The equation is presented in Equation (29) as
follows:

8 = S V. o ¢ )
where k = 1,2, ...,250 is the neuron index in hidden layer 1. After obtaining the error value (§), the weights will be
updated using Equation (30) and Equation (31) as follows:

(layer) _ y,(layer)
Vinowy = Viory — 160 2 (30)
(layer) _ 4 (layer)
b(new) - b(old) -n . glayer) (31)
with,
n : learning rate, and
z : input to each layer.

The process will continue to repeat until the weights reach the optimal value or the maximum number of iterations
so that the model can produce predictions with higher accuracy.
2. USD-CNY Rate

The selection of the neural network model is based on the nonlinear data test results obtained through the Terasvirta
test, which indicates that the activation function used must also be nonlinear, such as logistic, reLU, and tanh. Before
conducting neural network modeling with the grid search approach, walking forward validation, and using the
parameter values listed in Table 3, the data is first normalized according to Equation (20). The optimal parameter results
using neural network modeling for the USD-CNY rate are presented in Table 14.

Table 14 Optimal Neural Network Parameters USD-CNY Rate

Activation Function Parameters Optimal Value
Learning rate 0.01
Tanh
an Hidden layer size 100;100
Logistic Learning rate 0.0001
& Hidden layer size 300,300
Learning rate 0.001
ReLU
€ Hidden layer size 300,300

The results of the prediction model performance evaluation for the USD-CNY rate using various activation function

are presented in Table 15.
Table 15 Neural Network Prediction Results USD-CNY Rate

Activation Function Model Criteria Evaluation Results

MSE 0.0019

Tanh MAE 0.0366
MAPE 0.51%

MSE 0.0021

Logistic MAE 0.0344
MAPE 0.48%

MSE 0.0017

ReLU MAE 0.0345
MAPE 0.48%

Table 15 presents the prediction results using the neural network method for the USD-CNY rate, which shows that
the model with the reLU activation function shows the best performance compared to other activation functions with its
optimal parameters, namely a learning rate of 0.001 with a hidden layer size of 300;300. This is shown by the MSE value
of 0.0017, MAE of 0.0345, and MAPE of 0.48%, which shows a lower error rate than other activation functions.
Furthermore, the illustration of the neural network model with the optimal parameter value of hidden layer sizes 300
and 300 is presented in Figure 5 as follows:
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In the designed neural network model, each input d; from lag 1, 2, and 5 data will be connected to each neuron in
hidden layer 1 through predetermined weights. Activation in hidden layer 1 is calculated by summing up the
multiplication result between each input and its weight, then adding it with the bias value. The result will be passed
through the reL.U activation function to produce the output value in the first layer. The calculation for the k-th neuron in
hidden layer 1 is mathematically expressed in Equation (32) as follows:

9 = ¢ (Bieazs Vi di + b))k =1,2,...,300 (32)
with,
¢ : activation function,
d; :inputlags 1, 2, and 5,
Vik : the weight of the input d; to the k-th node, and
by, : bias at the k-th node.

For example, the calculation for a node in hidden layer 1 can be expressed based on Equation (32) as follows:

gf) = RelU (vl(,ll). dy + vz(,ll). d, + véll) ds + bl(l))

After obtaining the activation value of hidden layer 1, each neuron in the layer will be connected to each neuron in
hidden layer 2. The calculation in this layer also follows the same pattern, namely summing the results of multiplying
the weights with the activation value of the previous layer, adding a bias, then applying the reLU activation function.
The equation can be written in Equation (33) as follows:

9% = ¢ (23 9. V2 +bP),m=1,2,...,300 (33)
For example, the calculation for one of the neurons in hidden layer 2 based on Equation (38) can be expressed as

follows:

@ _ @ @ 2 @ () 1) @)
g, = RelU (171,1 g1 T V1.9, o+ V30019300 T by )

Furthermore, the results of hidden layer 2 will be used as input to the output layer to produce the final prediction
value (9). The calculation in this layer is done in the same way, namely summing up the results of multiplying the weights
with activation from the previous layer, plus bias, then passed to the activation function to produce the final output
value. The equation can be written in Equation (34) as follows:

y=¢ ( %{)21 vggutput)_gﬁ) + b(output))
For example, the calculation for the predicted value based on Equation (34) can be expressed as follows:
9 = ReLU (vl(output).gf) + vz(output).ggz) ot véggtput)ggg)o + b(output))
After the feedforward stage, backpropagation is performed to adjust the weights using the gradient descent method.
The error calculation at each layer follows the same process as the USD-RUB rate, with a two-layer model already in use.

(34)

F. Best Model Comparison

After the modeling process is carried out on all models, the next step is to compare the prediction results of each
model to determine the model with the best performance. The results of the performance comparison of each model on
the USD-RUB rate and USD-CNY rate are presented in Table 16 as follows:

Table 16 Comparison of Model Performance in Exchange Rates Prediction

Variables Model Evaluation Results
USD-RUB Rate SVR w1t}.1 kernel 51g'm01.d : MSE: 6.1596 ; MAE: 1.8808 ; MAPE: 1.95%
Neural Network with tanh activation function = MSE: 7.2694 ; MAE: 2.0629 ; MAPE: 2.14%
SVR with kernel RBF MSE: 0.0014 ; MAE: 0.0322 ; MAPE: 0.45%

D-CNY Rat
USD-CNY Rate Neural Network with reL.U activation function

MSE: 0.0017 ; MAE: 0.0345 ; MAPE: 0.48%
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Based on the evaluation results presented in Table 16, it can be concluded that the SVR method with sigmoid kernel
is superior in predicting the USD-RUB rate, while SVR with RBF kernel provides the best prediction results for the USD-
CNY rate. The comparison plot of USD-RUB rate and USD-CNY rate predictions is presented in Figure 6 as follows:

Actual vs. Predicted Values (SVR, MLP) Actual vs. Predicted Values (SVR, MLP)

10 Actual Values 7
SVR Predicted Values
—— MLP Predicted Values 730
105
72

705 Actual Values
SVR Predicted Values

w] ™ MLP Predicted Values

b

Fig(EZe 6 Comparison Plot of Predicted USD-RUB Rate and USD-CNY( R)ate

Based on Figure 6(a) which displays a comparison between the actual value and the prediction results of the Support

Vector Regression (SVR) and neural network methods for the USD-RUB rate, it can be observed that the SVR model tends

to be closer to the actual value than the neural network model. This can be seen from the blue line pattern (SVR) which

more often follows the fluctuation of the black line (actual value) compared to the pink line (neural network). Meanwhile,

Figure 6(b) shows the prediction results of the USD-CNY rate using the SVR and neural network methods. In this graph,

both models show excellent performance in following the movement pattern of the actual value, with the SVR slightly

superior at some points. Based on these two graphs, it can be concluded that the SVR method has an advantage in
predicting the movement of the USD-RUB rate and the USD-CNY rate compared to the neural network.

W
Time

V. CONCLUSIONS AND SUGGESTIONS

Based on the analysis, the USD-RUB and USD-CNY rates show different movement characteristics from 2009 to 2025.
The USD-RUB rate experienced higher fluctuations with significant volatility due to various external factors, such as oil
prices and economic sanctions. Meanwhile, the USD-CNY rate shows a more stable movement, although it is still
influenced by monetary policy and global economic conditions. The results of this study show that the Support Vector
Regression (SVR) method is the best approach in predicting the USD-RUB rate and the USD CNY rate compared to the
Neural Network. For the USD-RUB rate, the SVR model with sigmoid kernel provides prediction performance with MSE
value of 6.1596, MAE of 1.8808, and MAPE of 1.95%, which indicates that this model can capture the pattern of exchange
rate movement very well. Meanwhile, for the USD-CNY rate, the SVR model with Radial Basis Function (RBF) kernel
produces more accurate predictions with MSE value of 0.0014, MAE of 0.0322, and MAPE of 0.45%, indicating that this
model is effective in capturing the movement pattern of the USD-CNY rate which is more stable than USD-RUB rate.
Future research is recommended to develop a hybrid method that combines SVR and Neural Network to improve
prediction accuracy. In addition, macroeconomic variables such as inflation, interest rates, and trade policies must be
considered to understand the factors influencing exchange rate movements. This development is expected to produce a
more accurate prediction model to support decision making in the economic and financial fields.
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